Abstract---
INTRODUCTION
N recent years, the Receiver Operating Characteristic (ROC) curve has become one of the most powerful statistical techniques for classifying the subjects into one of the two populations in medical field [1] . It is also used to describe the accuracy of a diagnostic test and at the same time it can be used for comparing two diagnostic tests [2] . In classifying an individual, a biomarker (gold standard) of a particular test procedure is essential.
If the measuring quantity exceeds the gold standard value, then that individual is classified as diseased otherwise healthy.
The most popular parametric model for an ROC curve is the Bi-normal model which assumes that the test scores in the two populations (i.e. diseased and healthy) are normally distributed. In medical diagnosis, plenty of research has been made on ROC curves by assuming that the test scores are Normal. But there are numerous situations where the test scores are non-normal. The test scores may follow some specific distribution (say) Rayleigh distribution in which case one can directly use the Bi-Rayleigh model without going for any sort of transformation in order to make the test scores normal. Here we have proposed another parametric model called Bi-Rayleigh model which can be applied in the situations when the other parametric models viz. Bi-Normal, Bi-Exponential, Bi-Gamma and Bi-lomax models fails.
The Rayleigh distribution is named after Lord Rayleigh. It is a special case of Weibull distribution. As normal distribution, it has been widely used in various fields. In this paper we have applied the Rayleigh distribution in medical diagnostics. This paper is divided in the following sections.
In the ROC model section, Bi-Rayleigh ROC model and its AUC are derived and its properties are discussed. In application section, two real life example viz. Head trauma data and Multiple Sclerosis data were used for the proposed model and then these are compared with the conventional binormal model. In the simulation section, simulation studies have been carried out for different values of parameters to support the Bi-Rayleigh ROC model. In the last section, the confidence intervals for the parameter σ i , i=0,1 are discussed for real life example and simulated data sets.
II.
ROC MODEL AND AREA UNDER THE CURVE Let the scores (S) be a random variable in healthy (H) and diseased (D) populations respectively. The ROC curve is plotted over values of threshold value (t) and is given by y(t) = h (x(t)) where x(t) is the False positive rate which is given by x(t) = P(S>t|H) and y(t) is True positive rate which is given by y(t) = P (S>t|D)
The general functional form of ROC can be represented as
where F is the distribution function for healthy population and G is the distribution function for diseased population.
Let us assume that the distribution of the scores S from both the populations (healthy and diseased) follow Rayleigh distribution with single parameter σ. The probability density function of Rayleigh distribution is given by 0 , 0 , ) ( The ROC model for bi-rayleigh distribution is obtained as ( ) σ , then the curve has no ability in discriminating the individuals into positive and negative group. Some of the properties satisfied by the ROC curve for BiRayleigh model are given below 1. The Bi-Rayleigh ROC model y(x(t)) is a monotonic increasing function in the positive quadrant lying between y=0 at x=0 and y=1 at x=1. 2. The threshold value is well defined provided the slope of the ROC curve at the given point. 3. The Bi-Rayleigh ROC curve is unaltered if the classification scores undergo a strictly increasing transformation.
Area Under the ROC Curve (AUC)
It measures the accuracy of the test that tells us how well the test separates the group being tested into those with and without the disease. It is defined as
The higher is the value of AUC, better will be the performance of a test. Suppose, for a test, AUC = 0.83, it mean 83 % accurate classification made using that diagnostic test.
The AUC expression for the Bi-Rayleigh distribution is given by III.
IMPLEMENTATION OF ROC MODEL ON REAL LIFE DATA
In order to establish the Bi-Rayleigh ROC model and AUC, we have used two data sets in medical application. The two data sets are Multiple Sclerosis data and Head trauma data.
Multiple Sclerosis Data
Multiple Sclerosis (abbreviated as MS, known as disseminated sclerosis or encephalomyelitis disseminata) is an inflammatory disease in which the fatty myelin sheaths around the axons of the brain and spinal cord are damaged, leading to demyelination and scarring as well as a broad spectrum of signs and symptoms. Disease onset usually occurs in young adults and it is more common in women. MS was first described in 1868 by Jean-Martin Charcot.
MS affects the ability of nerve cells in the brain and spinal cord to communicate with each other effectively. Nerve cells communicate by sending electrical signals called action potentials down long fibers called axons, which are contained within an insulating substance called myelin. When myelin is lost, the axons can no longer effectively conduct signals. The name Multiple Sclerosis refers to scars (scleroses-better known as plaques or lesions) particularly in the white matter of the brain and spinal cord, which is mainly composed of myelin.
For detecting Multiple sclerosis one of the possible laboratory tests is the cerebrospinal fluid (CSF) immunoglobulin G (IgG) index. CSF immunoglobulin index is defined as the ratio of (IgG) in CSF/ IgG in Serum) to CSF-albumin/serum albumin. High values of the CSF IgG index are suspicious for multiple sclerosis. The data has been collected on 40 patients (Ref. table 2) . Among them 20 were affected by other neurological disorders [1] .
Head Trauma Data
For studying Bi-Rayleigh model we consider another data set. The test scores are the cerebrospinal fluid CK-BB (Creatine Kinase-BB) iso-enzyme measured within 24 hours of injury for predicting the outcome of severe head trauma. Cerebrospinal fluid (CSF) is a clear, colorless, bodily fluid that occupies the subarachnoid space and the ventricular system around and inside the brain and spinal cord. In essence, the brain "floats" in it.CSF acts as a cushion, protecting the brain and spine from injury. Here, CK-BB iso-enzyme measurements are considered to predict whether the patient has a good outcome or poor outcome.
A sample of 60 subjects admitted to a hospital with severe head trauma is considered (Ref. Table 1 ). Among them 19 of whom had a chance of full recovery and 41 of who had poor or no recovery. Higher values of CK-BB are suspicious to die or to get severe disability after suffering a severe head trauma [1] . Good outcome  140  913  136  1087  509  286  230  576  281  183  671  23  1256  80  200  700  490  146  16  156  220  800  356  96  253  350  100  740  323  60  126  1560  17  153  120  27  283  216  126  90  443  100   303  523  253  193  76  70  76  303  40  370  353  6  543 206 46 The fitness of these two data sets has been tested using Kolmogorov-smirnov test, Anderson-Darling test and Chisquare goodness of fit test by the software Easy Fit and the details has furnished below. The p-values/statistic value corresponding to all the tests for Rayleigh distribution has been given in table 3. The multiple Sclerosis data set fits the given distribution well in all the three goodness of fit test at alpha levels 0. 
Comparison with BI-Normal ROC Model
Head Trauma data does not follow normal distribution but the transformed data that is after taking natural logarithm, it follows Normal distribution. After transforming the data we have plotted the bi-normal ROC curve. Its accuracy is only 0.8128. But for the same data without going for any transformation, it follows Rayleigh distribution. When we use Bi-Rayleigh ROC model the accuracy obtained is 0.9297 which is much better than bi-normal ROC model. It is also clear from the figure 1 where ROC curve for Bi-Rayleigh distribution dominates ROC curve for bi-normal ROC curve. 
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Similarly, MS data follows Rayleigh distribution well, as compared to normal distribution (Ref. section 3.2) . BiRayleigh ROC model gives measure of accuracy as 0.87 which is more than the accuracy 0.81 obtained by using binormal ROC model. From Fig. 2 it is clear that, Bi-Rayleigh ROC curve dominates the bi-normal ROC curve for MS data. ROC Curve using Multiple Sclerosis Data One of the general approach in assessing the difference in the areas under two ROC curve derived from the same patients [5] is finding the Z ratio which is given by, 2 where A 1 and SE 1 refers to the observed area and estimated standard error of the ROC area associated with the bi-normal model; and A 2 and SE 2 refers to the observed area and estimated standard error of the ROC area associated with the Bi-Rayleigh model; r is the estimated correlation between A 1 and A 2 . The z value is then compared with the critical value then the decision has to be taken to accept or not to accept the hypothesis that no difference between two AUC's.
Here the standard errors are obtained by the variance of the Wilcoxon statistic [3] . Here we have two intermediate correlation coefficients. One is the correlation coefficient (r H ) for the scores of healthy individuals for two models. Since we are using the same data set for both the models the correlation among them is 1. Another is the correlation coefficient (r D ) for the scores of diseased individuals for the two models. Obviously r D is also 1. The correlation induced by the two areas (r = 0.92) are obtained from the table provided by [4] by using the average AUC for the two ROC curves and the average correlation coefficient r D and r H . So the calculated z ratio for head trauma data is 4.1424 which is greater than 1.96 can be taken as an evidence that the two areas are significantly different. By this argument we can say that Bi-Rayleigh ROC model is better than the normal ROC model in case of small samples. But for the MS data sets, z is 2.6086 ≥ 1.96, so we can interpret that there is a difference in two areas obtained by Rayleigh and normal models.
Simulation Studies
In general, to investigate the behavior of the ROC curve derived from the Bi-Rayleigh model, observations are generated from the Uniform distribution. Given a random variable U drawn from the Uniform distribution in the interval (0, 1), then the variate has a Rayleigh distribution with parameter σ.
The ROC curve of the Bi-Rayleigh model from generated data with sample size n 1 = 50 from the diseased population and n 0 =50 from the healthy population with the parameter σ 1 = 12 and σ 0 = 3 respectively is given below. 
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ROC diagonal
When a sample of size 50 is taken for healthy and diseased population from Rayleigh distribution, the value of AUC for different values of the parameters σ 0 and σ 1 is provided in table 4. Table 4 , it is clear that for fixed value of σ 0 and as the value of σ 1 increases, the AUC increases.
The ROC curve for different values of parameters σ 0 =1, 2, 3 and fixed value of σ 1 = 12 is shown in Fig. 5 . It is concluded that, as we increased the difference between σ 1 and σ 0 , the ROC become closer to the upper left corner of the unit square that means one have higher degree of accuracy by looking at the AUC in Table 5 . It is clear that AUC decreases as σ 0 increases for fixed σ 1 .
IV. CONFIDENCE INTERVAL FOR POPULATION PARAMETER Σ IN CASE OF LARGE SAMPLES
By using Central limit theorem, we can find the confidence bound for the parameter σ i . The explicit form of confidence interval is [ -sd Z α/2 <i f < + sd Z α/2 ], where is the estimator of the parameter σ i and sd is the standard deviation of , Zα/2 is the tabulated value at the significance level α.
From Table 6 , we can see that even though the transformed data fits well for normal distribution, the accuracy is not worthy when compared to accuracy obtained by Bi-Rayleigh ROC model. From this, one can easily infer that when the test scores follow Rayleigh distribution it is worthwhile to use the Bi-Rayleigh ROC model instead of any other model. Table 7 summarizes the confidence interval for and for different sample sizes using generated observation from Rayleigh distribution with parameter σ 1 = 12 σ 0 = 4.
Confidence Interval for from Simulated Data
V. CONCLUSION
Zmedical diagnostic literature, it is always assumed that the test scores follow normal distribution even when the sample size is small and without checking for assumptions of diagonal the other distributions. In this paper, we have proposed an alternative ROC model which can be used when the normality assumption is not met. ROC model and the AUC for the Rayleigh distribution are established. The proposed BiRayleigh model has been compared with bi-normal ROC model and it is found that Bi-Rayleigh ROC model is able to classify more accurately that bi-normal ROC model when sample size is small. The confidence interval for the parameter σ in case of large sample size is proposed. The theoretical results proposed in this paper are supported by real life examples as well as simulated data sets.
